Cement-based composite materials like Engineered Cementitious Composites (ECCs) are applicable in the strengthening of structures because of the high tensile strength and strain. Proper mix proportion, which has the best mechanical properties, is so essential in ECC design material to use in structural components. In this paper, after finding the best mix proportion based on uniaxial tensile strength and strain, the correlation between these parameters were calculated. Since material properties depend on the content ratios, six mixtures with different Fly Ash (FA) content were considered to find the best ECC mixture called Improved ECC (IECC). Also, The influence of local fine aggregates and FA on the tensile behavior of ECC was considered to introduce IECC which has the best tensile properties. To predict the mechanical properties of ECC based on experimental results, Artificial Neural Network (ANN) was used. Training and validation of the proposed model were carried out based on 36 experimental results to find the best results. Numerical analysis is utilized to find the best mix proportion of ECC in structural design. The results show that the effects of FA and fine aggregates are considerable. Also, The proposed ANN model predicts the tensile strength and strain of ECC with different FA ratios accurately. Furthermore, the model can estimate mechanical properties of ECC in previous experimental results.
INTRODUCTION 1
ECC material, known as a type of HPFRCC invented about 25 years ago, has special properties such as ultrahigh ductility and tensile strength [1] . Although there are several specs introduced in the literature, common ductility for ECC is more than 0.03, and the width of cracks is about 60 μm. Figure 1 shows that unlike normal concrete, these properties of ECC and strainhardening should be met in the tensile stress-strain curve [2] . Interaction between matrix and fiber and their interfaces makes high tensile strain and ductility in ECC material [3] . ECC is widely used in structures to retrofit the elements such as RC members, especially in retrofit to improve their seismic behavior [4] [5] [6] . Since ECC is made of several materials, the mechanical properties of ECC depend on these parameters, mix proportions and type of them. Finding the effects of each of these *Corresponding Author's Email: nateghi@iiees.ac.ir (F. Nateghi-A.) materials is difficult. However, finding a relationship between one of them and mechanical properties of ECC is valuable and applicable in composites. There is much study on ECC and using it in structural elements. However, few works have been conducted on the effect of each parameter and estimation of each parameter on mechanical properties of ECC. Especially using artificial models and numerical methods can be applicable to predict the tensile behavior of ECC. Fiber dispersion is one of the most effective parameters on the tensile behavior of ECC to achieve strain-hardening in the tensile stress-strain curve. The type of aggregate is affected on this parameter whether coarse aggregates cause poor dispersion like plain concrete or fine and appropriate aggregates enhance tensile behavior and ductility like ECC [7, 8] . Moreover, cement content and its quality play a noticeable role in hardening of the strain of ECC as the most valuable specs of ECC that should be met with experimental results. Previous works show that the performance of ECC is better than regular concrete in tension due to utilizing very fine aggregates [9, 10] . Using fine sands without any coarse aggregates increases the price of ECC material and makes it more expensive. However, using a suitable gradation of aggregates economize the mixture.
Previous researches show that Fly Ash (FA) affects on the tensile behavior of ECC like sustainability, tensile strength and strain, and toughness. Few works show that how FA affects of ECC behavior and how to find the best mix proportion. Li and Wang investigated that if FA content increases sustainability performance will be improved whereas matrix toughness will be reduced [11] . Tosun et al. [12] have shown that utilizing proper FA affects on ECC properties in fresh and hardened states directly by using two types of FA. Zhu et al. [13] showed that FA ratio affects on the flexural strain of the specimen so that by increasing FA ratio from 50 to 80%, the deflection has increased 100% in four-point bending test. Also, Wan et al. [14] have represented FA ratio effects on the tensile strain of ECC to find the best mixture. In ratios 50 to 75% FA content, 75% had the highest tensile strain and 50 and 65% had the lowest values. Moreover, the authors represented the influence of FA content on ECC performance under tensile loads using five different mixtures. It was concluded that the best tensile strain and strength belong to 1:1.5 and 1:0.5 C: FA ratios, respectively [15] .
There are some researches about using slag in ECC to achieve high ductility and strength in tension. These studies showed that FA was necessary to enhance the tensile behavior of ECC [13, 16, 17] .
In the previous study, the authors evaluated two types of aggregates and concluded that utilizing fine aggregate shows the ductile performance of ECC in tension [15] . Although all studies in the literature represent the ECC behavior and material properties, few researches work on ECC design and how to find the best mechanical properties using numerical models. Also, none of them carried out experimental and numerical studies on local materials and effect of FA with different mix proportions.
In this study, two kinds of aggregates and several FA contents were used to exhibit the influences on the tensile behavior of ECC. Different mix proportions affected on tensile strain and strength. Since the authors use ECC in the retrofit of masonry infill walls, finding the best ECC mixture which has the highest tensile strength and strain is extremely significant. So, many parameters which include the type of aggregates, FA, cement contents, and mechanical parameters were considered to find the best ECC called IECC. Using local aggregate and achieve the best ECC behavior are the main purpose of this paper. Local materials make structural design economic and high-ductile behavior of ECC in tension causes to select this material in the retrofit.
Artificial Neural Network (ANN) as a computational approach, is a good technique to solve the sophisticated problems accurately and efficiently. This technique is widely used to simulate and predict complicated problems in science and engineering. The behavior of many structural elements and materials were predicted using ANN. Structural parameters like compressive and tensile strength are predicted using ANN by many researches [18] [19] [20] [21] [22] [23] [24] [25] [26] [27] . However, prediction of tensile behavior of ECC was not carried out considerably. In this study, after doing experimental study on tensile behavior of ECC and IECC, ANN models are developed to foresee the mechanical properties of ECC in tension.
EXPERIMENTAL INVESTIGATION

1. Material Properties
This section is about the assessment of six ECC mixtures to find the best tensile behavior called IECC. In this investigation, aggregates and binders in two and three types respectively were used to produce ECC. The aggregates include sand and quartz powder, and binders consist of cement, FA and SL. Based on previous studies, mix proportions were opted [5, 6] . The other materials were the same like PVA fiber, water, and superplasticizer. The characteristics of the aggregates and fiber were shown in Figures 2 and 3. PVA fiber used in previous researches by the authors has 8 mm long and diameter, elongation and density are 39 µm, 6% and 1.3 g/cm 3 , respectively. Also, the tensile strength of fibers is 1600 MPa and their Young's modulus is 42.8 GPa. As seen in Figures 2 and 3 , two kinds of aggregates were evaluated to make ECC more ductile with better mechanical properties. More than 90% of particles of sand type I and type II were smaller than 300 µm and 212 µm. Also, more than 90% of particles of quartz powder type I and type II were smaller than 75 µm and 38 µm [15] . As noted, utilizing good aggregates and limitation of the size and the weight of aggregates enhance the ductility of ECC and fiber dispersion. This consideration controls the material properties to make IECC.
Mix Proportions
The ratios of the weight of ECC matrix ingredients (cement, fine aggregates, water, superplasticizer, and PVA) are given in Table 1 as below. PVA fiber proportion is 2% in volume in all mixtures. At first, cement, FA and aggregates as dry components were mixed using a mini mixer as shown in Figure 4 for one minute. To produce the flowable and viscose mortar, water and superplasticizer were added to the dry components and mixed for 4 minutes. Good viscosity of mortar helps the fibers to be dispersed uniformly after adding them to the mortar and mixing about 3 minutes.
After producing standard ECC with two different types of aggregates, the purpose is to evaluate the mechanical properties of seven different ECC mixtures. Total weight of binder is fixed. However, the binder consists of cement and FA in six mixtures.
Testing Plan
The last purpose of this paper is using IECC, which has high tensile strain and strength, in the strengthening of masonry infill walls. To determine IECC properties, 7-day dog-bone samples were examined under uniaxial tensile forces. The tensile stress-strain curves can be determined based on these tests which show mechanical characteristics of ECC like hardening and cracks. Another important parameter is workability determined using the slump test which is about 35 cm for standard ECC (FA-ST2). Figures 4 and 5 show producing and test set-up of ECC specimens and slump and uniaxial tensile tests results, respectively [15] . The uniaxial tensile tests were done seven days after casting ECC in the dog-bone mold and curing in this period. The displacement control loading rate applied to the specimens was 0.015 mm/s. 
RESULTS AND DISCUSSION
In Figure 6 , an extensometer was used in the middle of the specimen to read the relative deformation and calculate the tensile strain. Also, the ratio of average force to the area in the failure zone was utilized for stress determination. Some of these curves consist of the results of the previous work which belongs to the authors [15] ; the other new results and the comparisons found in this paper. Each figure shows the tensile stressstrain curves of 3 specimens in experimental studies.
(a) FA-ST1 [6] (b) FA-ST2 [15] (c) FA-0.5 [15] (d) FA-1 [15] (e) FA-1.5 [15] (f) FA-2.5 [15] (g) FA-3 [15] Some significant mechanical characteristics of ECC which include tensile strength, tensile strain, fracture energy, and toughness index, were calculated to exhibit the comparison of different types of aggregates and binder. The definition of the mechanical properties of ECC is represented in Figure 7 .
As seen, the tensile behavior of different mixtures of ECC mentioned in Table 2 , were obtained in stressstrain curves to compare the effect of each part which includes FA, SL or aggregates. All strength values in Table 2 are the maximum strength of the specimen before failure, and the ultimate tensile strain is the value before large degradation in the curve. Since the mixture FA-ST2 has better performance than FA-ST1, the other mixtures produced using aggregates type 2 presented above. Among the different ratios of FA, the best tensile behavior of ECC belongs to specimen FA-1.5 which has tensile strength 3.4 MPa and tensile strain of 6.1% averagely. These values are more than standard ECC characteristics which are 2.84 MPa and 4.15%, respectively. Thus, Mixture FA-1.5 is called IECC due 
Figure 8. Comparison of ECC tensile behavior
As mentioned above, aggregate type II caused better tensile performance in ECC than aggregate type I. On the basis of Table 3 , compared to FA-ST2 as the standard mixture which contains FA, the tensile strain of FA-1.5 was increased 47%, and that of specimens with FA content 0.5, 1, 2.5 and 3 were decreased 19, 11, 35 and 36%, respectively. Also, compared to FA-ST2, the tensile strength of specimens with FA content 0.5, 1 and 1.5 were increased 29, 27 and 20%, respectively and that of FA-2.5 and FA-3 reduce 23 and 30%, respectively.
The results show that the effect of FA on increasing tensile strain was obvious. The comparisons noted above, represent that using FA instead of cement in binder caused increasing tensile strain and de-creasing tensile strength generally. However, in mixture with two materials in the binder, the maximum value of tensile strain and strength belong to FA-0.5 and FA-1.5, respectively.
If FA ratio increases in ECC mixture, sustainability performance will be improved. However, tensile strength and matrix toughness will be decreased. Also, increasing FA content has positive effects on tensile strain of ECC in the specified range. In other words, in FA-0.5, FA-1 and FA-1.5 by increasing FA content, tensile strain is improved. More than FA-1.5 ratio this property is reduced. So, FA effects on tensile strain is not predictable in all conditions. However, numerical models can estimate this influence to predict tensile strain. Using FA decreases tensile yield strength and tensile strength generally. Thus, finding a customized mix proportion based on structural demands by considering these effects is so important in ECC design. In the next section, to predict ECC mechanical properties based on experimental studies, artificial model will be represented.
ARTIFICIAL NEURAL NETWORK
Artificial neural network is a method which is inspired by biological neural networks to achieve an estimation of parameters which depend on many inputs. ANNs known as beneficial models to predict parameters and find a solution for complicated tasks [20] . These models learn the performance of tasks using some examples then they find a solution to predict them. As usual, input and output layers in ANN models are one whereas hidden layers are two for the training occurs. The input and hidden layers are allocated to several functions such as tan-sigmoid, pure linear, etc. Different validation approaches are used in validated ANN models like kfold validation [28] .
1. Artificial Neural Network Method
As mentioned before, two hidden layers are used in ANN model to show the relation of parameters adequately. Generally, ANN models have some layers as follows: one input layer: ip (p=1, 2, …, m) two hidden layers with j and neurons k one output layer with os (s=1, 2, …, n). The relation of the layers calculated as follows is shown in Figure 9 [28, 29] .
where, the weight of connection of the u th neuron in the l th layer and the v th neuron in the (l+1) th layer, whereas and are the added bias and the net input in the l th layer for the v th neuron in the (l+1) th layer. It should be mentioned that l=1, 2 and 3. Fl is the function for indicating neurons in different layers [28] . Also, the mean square error function (Er) is reported in literature [28, 29] : (2) where, : the sth target vector, n: the total nmber of output vectors.
One of the most important part of ANN modeling is the option of neuron numbers that should be appropriate for each result. The rule of neuron numbers was proposed as follows [30] :
where, i= the numbers of neurons for each processing layer, p= input components, q= output components, B= empirical constant (4-8) which depends on various usages of the model
2. ANN Models and Results
To predict the properties, ANN should be trained based on experimental results of ECCs considered as input datasets and output for mechanical properties. In this study six different mixtures were used with different FA content. The results were represented by tensile yield strength and tensile strength and strain. Six uniaxial tensile tests were conducted for each mixture so that 36 results can be used as input datasets corresponding to tensile yield strength and tensile strength and tensile Figure 9 . ANN model with one input, two hidden and one output layers [29, 30] strain. Calculated ECC parameters were shown in Table  2 . To design ANN models, Matlab was used in learning, validation and testing. For each mechanical parameter, one ANN model was used to find the relation between the effect of FA ratio and the parameters. In the model learning, 70% of the samples were selected for learning randomly, 15% for validation and 15% for test. The error diagram shown in Figure 10 illustrates the ANN performance, that the bars demonstrate training data, validation and testing data in blue, green and red, respectively.
As shown in Figure 10 , for tensile yield strength, all errors are between -0.1038 (-10.38%) and 0.1337 (13.37%) illustrate a quite negligible error. Also, the validation and test errors are between -0.07875 (-7.85%) and 0.09625 (9.625%) and -0.07875 (-7.85%) and 0.07125 (7.125%), respectively. The other two networks which are not shown here, also indicated errors like this. Another parameter which represents the performance of ANN model is Mean Square Error (MSE) ( Figure 11 ). This figure represents that the MSE converges to a constant level and the errors were minimized. Thus, it demonstrates that the ANN models were trained well and can be used in forecasting the mechanical properties of ECC accurately. Furthermore, the regressions for all three categories training, validation and test and all of the results are illustrated in Figure 12 . Figure 11 , MSE of train, validation and test were minimized at epoch 3 so that the best validation performance was 0.00443. It means that MSE converges in low values with a good accuracy. The regression of experimental results and the ANN model shows that this model is strong and predict the results very well. Training and validation regression is 99% and the test regression is 97% so that the regression of all results is 99%. These values confirm that the model is useful and applicable in ECC mechanical properties prediction.
3. ANN Model Verification
To verify tensile yield strength ANN models developed before, the results of previous study by the author [6] were used for training and test. The comparison of experimental results and ANN prediction model are shown in Table 3 . The highest and lowest difference between experimental values and prediction results were around 8.29 and 3.61%, respectively.
It can be noticed that the number of neurons affects on the accuracy of the model. Using appropriate range for the option of neuron numbers prevents poor training performance. Another important parameter in ANN The ANN model shows that the regression between experimental and numerical study is strong. Since experimental study is always expensive to use in ECC design to use in structural components, using this model with good accuracy and fitness is economic and applicable in engineering design.
CONCLUSION
ANN model provides an appropriate tool for structural designers to find the best design properties of ECC in structural components. In this study, a type of neural network was developed to foresee the main properties of ECC which consist of tensile yield strength, tensile strength and tensile strain for various mixtures. All datasets, used in ANN modeling, were conducted by the authors in experimental studies. The main results are summarized as follows: -Two different types of aggregates in experimental studies showed that fine aggregates reduced tensile strength and increase tensile strain. -The best mixture called IECC was FA-1.5 with FA: C=1.5:1 ratio. The tensile strength and tensile strain of this IECC were 3.4MPa and 6.1%, respectively. -FA-0.5 has the highest tensile strength with 3.65 MPa value averagely.
-ANN models show a good prediction with good accuracy of mechanical properties of ECC based on error histogram, validation performance and regression analysis between the model and experimental results. -The small difference between the prediction ANN model and experimental values shows that this model is reliable and beneficial in ECC design with favorable properties.
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